Abstract-Extrusion is a fundamental technique of processing polymeric materials, and the thermal homogeneity of the process melt output is a major concern for high-quality extruded products. Therefore, accurate process thermal monitoring and control are highly invaluable for product quality control. However, most of the industrial extruders use conventional thermocouples whose measurements are limited to a single point and are highly influenced by barrel metal wall temperature. It has shown that the melt temperature varies considerably with the die radial position, and hence, point-based measurements are not sufficient to determine the actual thermal stability across the melt flow. Therefore, thermal control techniques based on such point/bulk measurements may be limited in performance. In addition, the majority of process thermal control methods are based on linear models and are not capable of dealing with process nonlinearities. In this study, a review of the previous work relating to extruder melt temperature control is presented while identifying their limitations. A novel model-based control approach is then proposed to control the polymer extrusion process incorporating a melt temperature profile prediction soft sensor and fuzzy logic. The results show that the proposed controller is good in achieving the desired average melt temperature across the melt flow while minimizing the melt temperature variance. The adjustments made by the controller to the manipulated variables confirmed that it has the capability of adjusting the suitable variables, depending on the different situations encountered. Therefore, this will be a promising alternative to linear control techniques and control techniques based on point/bulk thermal measurements which are common in the present industry.
I. INTRODUCTION

E
XTRUSION is one of the major methods of processing polymeric materials and is involved in the final production of many polymer products such as pipes, films, sheets, tubes, rods, etc. The screw is the key component of an extrusion machine and has been divided into three main functional/geometrical zones (i.e., solids conveying or feed, melting or compression, and metering or pumping) based on the primary operations of the machine as shown in Fig. 1 . The transition points between these functional extruder zones and their lengths are often not well identified and are highly dependent upon the processing conditions such as screw speed, pressure, temperature, and polymer type. Generally, two basic types of polymer processing extruders are used in the present industry called continuous and batch (discontinuous) extruders [1] . Of these two major categories of extruders, continuous extruders may be the most commonly used in the current industry. However, continuous extruders are poor in control performance compared with reciprocating extrusion processes (i.e., discontinuous processes) such as those used in injection moulding which are well controlled with new technology [2] . Therefore, this study was focused on the development of the control of continuous extruders. Among continuous extruders, single-screw continuous extruders are the most commonly used in industry [1] and that is mainly due to their reliability, low purchase and maintenance costs, simplicity of operation, and the ability to generate the required pressure [3] , [4] . Twin-screw extruders are also popular in the polymer processing industry particularly in applications such as mixing, compounding, or reacting polymeric materials, etc. More details on single-screw and twin-screw extruders and their operation can be found in the literature together with other relevant information on polymer processing [5] , [8] . Generally, the design and process operation of twin-screw extruders are more complex than single-screw extruders. In addition, the process mechanism of twin-screw extruders is not as well understood as single-screw extruders [5] . Therefore, a singlescrew extruder was selected for this research due to their wider availability in industrial applications and good understanding of the process mechanism. This enabled a more straightforward approach to testing and improvement of the prospective process controller on a single-screw extruder initially. Ultimately, it should be possible to extend the controller's operation to be compatible with multi-screw extruders in future extensions of the research.
A. Importance of Improved Process Monitoring and Control
Process monitoring and control are extremely important combined aspects within the industry. The key idea behind the process monitoring is to identify the inherent process problems and to develop strategies to control them, both through 1063-6706 © 2013 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
machine design and process operation. In fact, the performance of a process control strategy depends on the accuracy and the quality of the process monitoring techniques (i.e., depends on how good process problems are identified and understood). An accurate control cannot be achieved if the process cannot be monitored accurately [2] . Overall, process control relates to the selection and tuning of processing conditions to maintain process efficiency and product quality for a specific material and a machine. In general, the main objective of any process controller is to achieve good quality products while achieving a better process efficiency in terms of the use of resources such as material, energy, labor, time, etc. In polymer extrusion, the melt output of the machines should be uniform throughout the process (i.e., the uniformity of the melt temperature over the time and temperature homogeneity across the melt flow) for achieving of good quality products. Temporal thermal variations of the melt output may cause to generate variations of melt pressure that results in output rate variations, nonuniformities of optical/mechanical/chemical properties of the extruded parts, extrudate with unmelted particles, etc [9] . In addition, process problems can occur due to the variability of processing materials [10] - [12] , machine geometry [13] - [18] , and process settings [5] , [10] , [15] , [19] , [20] . Obviously, processing problems attributed to the machines' functionality (e.g., screw misalignments, vibrations of machine parts, inaccuracies of screw design) have to be addressed at the stage of machine design, and the selection of optimum operating conditions may be the most important factor to achieve the highest possible process efficiency (i.e., in terms of energy and thermal stability) for a given machine and a material. In such a situation, it is invaluable to have a process controller which can accurately detect and control processing problems.
Although the quality of the melt output (i.e., a thermally homogeneous melt output which is constant in quantity and quality over the time) is the major concern in polymer extrusion, it seems that there are not many control techniques available which make control decisions by observing the actual quality of the melt flow. This may be due to the practical difficulties of monitoring the melt quality across the flow cross section without disturbing the steadiness of the melt flow. Presently, most polymer processing extruders are equipped with speed controllers (i.e., to maintain the screw speed within its set limit) and temperature controllers (i.e., to maintain the barrel set temperatures within their desired limits). It seems that both of these controllers are commonly used as the major aids of process control to achieve the required melt quality. The feedback for speed control is obtained via instruments such as tachometer generators (i.e., a device which can convert the measured speed into an analog voltage signal), while temperature feedback is usually obtained from the thermocouples attached to the extruder barrel/die wall. In fact, the availability of a controller which makes the necessary control decisions by observing the actual quality of the melt (by using an appropriate monitoring technique) would be highly useful rather than maintaining the barrel set temperatures and/or screw speed within their set limits without obtaining any feedback on the actual melt quality. Therefore, this study was mainly focused to address this requirement.
B. Previous Studies on Melt Temperature Control in Polymer Extrusion
As reported in the literature, the history of the extrusion control schemes based on the temperature started in the late 1970s. Basically, several researchers attempted to control the melt temperature and pressure (i.e., mostly these two parameters were jointly used for developing control strategies) as an indirect approach to control the melt viscosity due to the practical difficulties encountered in real-time monitoring of the melt viscosity. Initially, several researchers used linear Laplace transform techniques to develop control schemes relating to extrusion melt temperature and pressure by implementing proportionalintegral-derivative (PID) control algorithms. Later, time series techniques, which are capable of developing more sophisticated models, allowing identification and control of process disturbances, were used for controlling of the temperature and pressure.
1) Control Schemes Based on Transfer Function or Time Series Models:
Fontaine [21] developed transfer function models for melt throughput, exit pressure, and temperature to changes in the back pressure valve setting, barrel heater power, and screw speed. The usefulness of the proposed controller was limited as process signals were prefiltered to remove some of the inherent fluctuations without considering the relations of these fluctuations with the product quality.
Fingerle [22] attempted to control the melt temperature by introducing a special extruder modification. An annular section of adjustable length was added at the end of the extruder barrel, and adjusting the length of the section was used to control the rate of viscous dissipation in the extruder. A controller was implemented with a PID algorithm and gave good temperature control in comparison with a temperature controller based on heat transfer through the barrel. However, this control method involves complex modifications to the extruder which may not be industrially possible and, hence, may limit its practical use.
Dormeier [23] proposed a PID control algorithm to regulate the melt temperature of an extruder with three heating zones. The controller showed better performance than a conventional analog controller but had different tuning parameters for set-point changes and disturbance rejection. Moreover, it was effective in regulating long-term disturbances but was not good at regulating high-frequency disturbances.
Muhrer et al. [24] proposed a cascade proportional-integral (PI) control scheme to control the melt temperature by manipulating barrel zone temperatures. The results showed that the controller was good in reducing the effects of process disturbances on the melt temperature. Moreover, the authors stated that the controller tuning has to be repeated as changing the process operating conditions while redetermining the appropriate process gains (i.e., proportional and integral gains of the controller).
Chan et al. [25] , [26] and Nelson et al. [27] proposed Laplace transfer function models (e.g., a first order, a second order, and a lead lag) to describe dynamic responses of an extrusion process. These models assume isothermal processing conditions and hence require detailed knowledge of material rheological properties for their use in process control.
Kochhar and Parnaby [28] and Parnaby et al. [29] modeled the extrusion process parameters by using a time-series technique. A control scheme was proposed to control the melt temperature by manipulating the screw speed, while melt pressure and flow rate were controlled by manipulating the die restrictor valve setting (i.e., not a common feature in extrusion). Simulations were carried out to calculate the control actions which were necessary to correct the temperature drift and stated that the melt temperature predicted by the model was quite close to the measured temperature. Later, Hassan and Parnaby [30] used an adaptive control approach to develop a model reference steadystate computer controller. Process errors were identified by the cascade controller and manipulated the screw speed, die restrictor valve angular position, and barrel wall set temperatures via slave servo-mechanisms to achieve the required plant output. The authors claimed that the controller was able to maintain the melt temperature with small variations (i.e., within ±1%) to the required limits.
Costin et al. [31] used a time-series technique to develop dynamic transfer function models between the screw speed and pressure and also to model the disturbances associated with the extruder pressure. A digital PI and self-tuning regulator (STR) algorithms were implemented to regulate the pressure by manipulating the screw speed. A number of screw speed step tests were performed to estimate process time constant and to determine the system linearity, while various filters were used to eliminate the signal noise. Signal noise filtering was quite difficult and filter implementation resulted in change of the process transfer function and hence affected to the controller performance. A combination of the STR and a filter failed to control the process, and the PI algorithm with a filter gave relatively good results.
Germuska et al. [32] proposed an adaptive and multivariable control approaches to control the melt pressure, melt temperature and extrudate thickness by manipulating the screw speed, die heater power, and the mass flow rate. The time series and Laplace transfer function models were used to implement a control scheme incorporating Dahlin feedback controllers (see [33] for details on Dahlin controllers) to control the melt pressure and temperature in order to maintain the melt viscosity and extrudate thickness to achieve product dimensional accuracy. The proposed control scheme showed good steady-state control for changes to the melt pressure and temperature set points although the extrudate thickness controller did not perform well due to the noisy thickness measurements.
2) Control Schemes Based on Artificial Intelligence Techniques: Although artificial intelligence (AI) techniques are still less popular in polymer processing industry, these are highly popular in some of the current industrial applications (more details will be discussed in Section II). Taur et al. [34] proposed a fuzzy PID temperature control for extruder barrel temperatures with if-then rules and triangular-shaped membership functions which exhibited good control capabilities. Tasi and Lu [35] developed a single-loop fuzzy supervisory predictive PID controller also for extruder barrel temperature control. PID gains were estimated using a generalized predictive control technique. A real-time algorithm was applied to achieve control actions incorporating PID and fuzzy supervision. The controller set-point tracking performance was verified by experiments, and successful results were achieved with steady-state errors of ±0. 4 • C and a small overshoot. Yusuf et al. [36] used fuzzy genetic algorithms (GAs) in extruder barrel temperature control. The optimum shapes for membership functions of a fuzzy logic controller (FLC) were found using a GA. Simulation results showed that the optimized controller gave a much faster settling time with no overshoot. Ravi and Balakrishnan [37] , [38] used AI techniques in extruder barrel temperature control. The results showed that an FLC can perform well with a lesser overshoot than a PI controller. Another work carried out by them [39] , [40] found that a neuro-fuzzy controller gave better performance than fuzzy logic and PID controllers in extruder barrel temperature control. In fact, all of these studies based on AI techniques have focused only on the control of the barrel set temperatures in their set limits and did not attempt to control the melt temperature.
3) Control Schemes Based on Other Techniques: Menges and Meissner [41] proposed three control schemes to control the melt temperature of an extruder at the entrance of the die. A sensor which can make four radial temperature measurements (based on the method proposed by Leeuwen [42] ) was used for melt temperature measurements. Of these control schemes, one scheme gave much faster responses but was not industrially compatible as the conical valve which was used to control the melt flow was not a usual industrial device. Moreover, the melt temperature measurement technique used in this work was also undesirable for industrial applications as it was highly disturbing to the steadiness of the melt flow.
Dastych et al. [43] proposed a robust multi-input-multioutput (MIMO) controller and a decentralized discrete model reference adaptive controller for a single-screw extruder. The adaptive controller was based on their previous work [44] , and it controlled the temperatures of the extruder barrel zones and melt temperature. The performance of both controllers was verified by simulation, and the results showed that these can handle uncertainties and time-varying or load-depending plant parameters better than typical PID controllers.
Mercure and Trainor [45] formulated a first principle mathematical model of the extruder barrel temperature and proposed a PID controller for melt temperature control. The controller performance was verified by simulation and the authors claimed that it offered a number of advantageous (e.g., reduced settling time, automatic start-up, and reduced down time) over conventional controllers. However, the controller performance might be affected by simplifying assumptions and the difficulties of selecting exact boundary conditions for solving differential equations (i.e., boundary conditions may vary with time, temperature, materials, screw speed, etc).
Lin and Lee [46] identified extrusion plant dynamics by a least-squares approximation associated with loss and covariance functions, applied to a set of experimental data. The authors used data from Parnaby et al. [29] and identified a single-inputsingle-output (SISO) third-order state-space dynamic model. An integral observer control methodology was proposed incorporating the developed dynamic model, and the extruder screw speed was manipulated to control the melt pressure and temperature. The simulation results showed that the control of pressure and temperature in the limits of ±0.5 MPa and ±2.5
• C, respectively.
Recent work presented by Previdi et al. [47] proposed a prototype feedback control scheme for melt temperature and pressure in a single-screw extruder. It showed better performance than a pump-equipped extruder which did not have a feedback control system. The authors stated that the proposed control scheme is a cost-effective alternative for volumetric mechanical pumps, while it is also a robust and an accurate solution to extrusion process control within the required limits.
As was discussed in the above, varying degrees of success have been achieved in the area of polymer extrusion control by manipulating the barrel set temperatures and screw speed using empirical modeling techniques. The control of melt quality and throughput has traditionally been attempted by joint regulation of melt pressure and melt temperature. Stable pressure generation ensures a consistent mass flow rate. The control of the melt temperature helps to avoid viscosity fluctuations (for a consistent feed material) and thermal degradation of the material and hence to maintain the melt flow thermal homogeneity. However, the majority of these previous approaches are limited in industrial use due to several constraints such as their complexity, incompatibility with the industrial procedures, lack of performance, etc. As it was clearly recognized from the previous work [7] , [48] , [49] , point/bulk temperature measurements provided by the most of the industrially well-established process thermal monitoring techniques are poor in accuracy, and these are limited in providing thermal information across the melt flow. Obviously, these limitations in process thermal monitoring cause poor controller performance as the process controller performance directly relates how well the process information can be monitored. Furthermore, most of the existing process control schemes are based on linear PID controllers which are poor in handling process nonlinearities. Few works reported on AI techniques (i.e., alternatives to the conventional PID approaches) have mainly focused on barrel set temperature control rather than the melt temperature. Moreover, it seems that only a limited amount of work has been reported on process thermal control based on nonlinear and/or thermal profile measurement techniques (i.e., rather than using point/bulk melt temperature measurement methods). Therefore, extruder melt temperature controls are in need of considerable future developments not only to design advanced control techniques but also to improve the thermal monitoring methods (i.e., to obtain accurate temperature feedback for making control decisions) in order to overcome the existing production challenges. In this study, an attempt was made to develop a novel control strategy which can fill two major existing gaps (as discussed in the above) in polymer extrusion thermal monitoring and controls:
1) The controller should be based on an advanced thermal monitoring technique (i.e., an alternative to the point/bulk thermal measurements).
2) The controller should have the capability of dealing with process nonlinearities.
II. CONTROLLING OF THE MELT TEMPERATURE
The typical variability in the melt temperature profile across the melt flow over different processing conditions was previously discussed by the author [7] , [48] - [53] and a few other researchers [15] , [19] , [54] . If the melt flow is fully homogeneous in temperature, it should have flat melt temperature profiles across the flow cross section under all processing conditions (i.e., the ideal situation). However, it has been experimentally shown that the process melt temperature significantly varied across the melt flow cross section. This information confirms the argument that most of the existing thermal control methods based on point/bulk temperature measurement feedback are not capable of identifying these radial temperature variations, and hence, they are unable to control these variations. Therefore, the study of the entire melt temperature profile as a measure of the process thermal stability is more appropriate than a single point or a bulk measurement to ensure high-quality extruded products. Unfortunately, it is quite difficult to monitor a die melt temperature profile within a production environment and most extruders are instrumented only with conventional wall-mounted thermocouples. These are highly affected by the barrel wall temperature and also they are not capable of measuring a melt temperature profile across the melt flow or detecting rapid variations in melt temperature [5] , [55] . As alternatives to the point/bulk measurements, some of the thermal profile measurement methods (e.g., a traversing thermocouple [55] , [56] , a thermocouple mesh [54] , a fluorescence technique [57] ) have been proposed, but these are not yet robust enough to use in a production environment due to constraints such as their complexity, limited durability, access requirements, disruptive effects on the melt flow and output, etc. However, some of these techniques have been used to gatherer valuable process thermal information in a research setting. Therefore, it is clear that the process thermal monitoring in polymer extrusion is still having poor performance, and hence, process control techniques are also experiencing lack of performance.
In fact, it is clear that not only the level of the melt temperature but also the melt temperature variance across the melt flow has to be controlled (i.e., in parallel with the level) to achieve a better process thermal control. Therefore, the process controller should have the capability to select and maintain appropriate process settings to make the extruder output melt flow temperature profile as flat as possible (i.e., to achieve reduced melt temperature variations across the melt flow), while achieving the desired average melt temperature across the melt flow. As was revealed by previous work [15] , [19] , [48] , [52] - [54] , it is clear that the screw speed has a significant impact on the shape of the extruder output melt flow temperature profile and these effects differ with the barrel set temperatures as well. Furthermore, changes to each barrel zone temperature have different effects on the resulting melt temperature at the output [6] . The majority of the existing thermal control strategies try to manipulate the screw speed or barrel set temperatures (i.e., all zones together or individually) but not both at the same time. Moreover, it is quite difficult for the process operator to determine in what quantity which parameter has to be adjusted (i.e., the manual process adjustments) to avoid a processing problem as changes to one particular parameter change the effects of the all other parameters and may generate another problem due to the highly coupled nature of the process variables. Therefore, a control strategy which considers all of these process variables together to make control decisions would be highly effective.
In the selection of an appropriate control technique, all the aforementioned issues had to be considered as the selected control technique should be compatible with all of these requirements. Overall, the key aim was to develop a process thermal control framework based on the temperature profile measurements which manipulates the screw speed and individual barrel set temperatures together to reduce undesirable melt temperature variations across the melt flow while maintaining the required average temperature levels throughout the process operating period for a given machine and a material. Obviously, this type of controller would have to handle complex nonlinear behaviors of the process and conventional linear PID approaches may not perform well over these situations. In this type of work, use of a control technique like fuzzy logic may be advantageous as a fuzzy logic controller can handle process nonlinearities with a set of linguistic if-then rules which do not require exact numerical boundaries [58] . Moreover, Vlachopoulos [59] and Rauwendaal et al. [60] emphasise the suitability of using the AI techniques (e.g., expert systems, neural networks, and fuzzy logic) in the applications of polymer processing industry to overcome the existing challenges in the process modeling and control. In addition, fuzzy logic techniques are already used in a large number of practical applications such as process control in other industries (e.g., temperature, pressure and level control, failure diagnosis, and distillation column control), house hold applications like washing machines and refrigerators, motor control in power industry, various automobile, robotics and aerospace applications, etc. [58] , [61] - [63] . As was discussed in Section I-B2, the AI techniques which were used in the extruder barrel temperature control have performed well over conventional PID controllers with a smaller overshoot and a faster settling time. Due to these compatibilities and other well-known advantages (e.g., possibility of defining tasks with multiple rules without integrating into a single analytic control law, simplicity, low installation cost), fuzzy logic was selected as the control technique to use in the prospective process thermal controller of this study. More details on the fuzzy logic and fuzzy logic-based controller design can be found in the literature [58] , [61] - [72] .
III. DESIGN OF THE CONTROLLER FOR THE EXTRUDER MELT TEMPERATURE CONTROL
In this study, the melt temperature variance across the melt flow (T v ) was the primary variable which should be controlled while achieving the desired average die melt temperature (T m ,avg ). However, making of temperature profile measurements across a melt flow by physical sensors is quite difficult in polymer processes due to a several constraints [7] , [48] . Therefore, currently there is no way to select process control actions by observing a temperature profile of the process melt output based on a measurement made by a physical temperature sensor. To solve this problem, a soft sensor strategy was used to inferentially predict the melt temperature profile across the extruder output melt flow. Overall, this process controller includes two major mechanisms:
1) an inferential die melt temperature profile prediction mechanism (i.e., a soft sensor to predict melt temperatures at the desired radial positions across the melt flow); 2) a control decision-making mechanism incorporating the fuzzy logic.
A. Development of the Inferential Die Melt Temperature Profile Prediction Mechanism
A thermocouple mesh technique [48] , [54] was used to measure the melt temperature profile across the melt flow as it was good in providing detailed and accurate information on the thermal homogeneity of the extruder output melt flow. It was felt that it is better if it is possible to inferentially predict the melt temperature at the different melt flow radial locations to obtain similar types of measurements to the thermocouple mesh. Therefore, the modeling procedure which was originally introduced by the author [49] , [51] , [52] was used to develop dynamic models to predict a melt temperature profile across the melt flow from readily measurable process parameters in real-time. Although these models can predict the melt temperature profile, it is still good to have some reference or correction for the predicted melt temperature at the different radial locations to ensure the prediction accuracy. From the experimental results achieved by evaluating the commonly used melt temperature sensors in polymer processing [48] , it was found that an infrared (IR) temperature sensor had the closest relationship with the thermocouple mesh measurements among the methods evaluated. Therefore, a combined mechanism of an IR temperature sensor and a feedback model was selected to obtain a temperature feedback to correct the possible errors of the soft sensor's temperature predictions at the different melt flow radial positions. Finally, a soft-sensor strategy, which is having the structure shown in Fig. 2 , was investigated to predict a melt temperature profile across the melt flow in real-time.
Overall, the proposed soft sensor employs two models for its operation. One model is to predict the melt temperature profile across the melt flow [melt temperature profile prediction model (MTPP-model)] and it takes six process inputs (ω sc , R p,j , T 1 , T 2 , T 3 , T 4 ) for its prediction. Here, ω sc represents the screw speed, R p,j is the radial position across the melt flow, while T 1 -T 4 represent the set temperatures of the extruder barrel zones 1-4. Apart from these six inputs, the difference between the predicted and measured IR temperature sensor measurements (T IR,Error ) with a suitable adjustment (i.e., a positive or a negative bias value specific to each radial position) is also taken as the MTPP-model input with the purpose of the correction of the possible prediction errors. A desired number of radial positions can be defined under the R p,j input as suitable and for this study 15 radial positions (i.e., j = 1, 2, 3, . . . , 15) were defined. In practice, MTPP-model would operate in place of the thermocouple mesh. The other model [IR temperature prediction model (IRTP-model or feedback model)] also takes six inputs (ω sc , T m ,act , T 1 , T 2 , T 3 , T 4 ) and predicts the melt temperature given by the IR temperature sensor. Here, the T m ,act input is the mean value taken from the predicted melt temperatures at the 15 different radial positions by the MTPP-model. This die melt temperature profile prediction soft sensor strategy was also originally proposed by the author, and more details were discussed previously [73] , [74] .
B. Development of the Control Decision-Making Mechanism With Fuzzy Logic
The procedure of designing of the controller's decisionmaking mechanism is discussed as follows.
1) Selection of Membership Functions:
In general, any fuzzy set is fully characterized by its own membership functions (MFs). In fact, different shapes of membership functions (e.g., Triangular, Trapezoid, Gaussian, and Bell) are available and the most desirable shape for a particular problem has to be selected. There are a few different ways of the selection of membership functions for FLC applications such as intuition, inference, rank ordering, neural networks, GAs, and inductive reasoning [71] . Moreover, Sciascio and Carelli [75] argue that the triangular-shaped membership functions may be the most commonly used MFs in fuzzy logic applications due to their simplicity of generation and the consistency property. For this study, triangular-shaped MFs were selected due to the easiness of generating both symmetrical and nonsymmetrical shapes as well as due to their popularity in practical use. Moreover, the controller's performance was evaluated by using a few other membership functions with different shapes (i.e., trimf, gaussmf, and gbellmf) and combinations of membership functions (i.e., zmf-trapmf-smf and zmf-gaussmf-smf) by applying these to the simulation model. However, no significant differences of performance of the controller could be observed by changing the shape of the MFs and hence, the results are presented only with triangular-shaped MFs.
2) Design of Fuzzy Logic Controller Elements: There are four basic elements/steps in designing of an FLC: formulation of rules, fuzzification, inference, and defuzzification [58] . The procedures followed in this study to design these elements are presented in this section.
a) Formulation and fuzzification of linguistic rules: In general, two types of commonly used fuzzy operators can be found in an FLC design: OR operator and AND operator. The designer can choose a suitable operator based on the design criteria of each problem. In this study, satisfaction of all the conditions included in each rule simultaneously was required, and hence, the AND operator was selected. A thorough observation of the effects of each process parameter on the level of the melt temperature and temperature variance across the extruder output melt flow was made by using the developed models and the other available data sources. Actually, it was really challenging to generate rules to be compatible with a number of parameters in parallel (i.e., to include a large number of variables in a single rule). Therefore, only two variables were integrated into each individual rule, and the use of maximum possible number of rules may enable to make a firm control decision (i.e., a decision which considers a large number of possible situations). Here, the major requirements of developing the FLC were to minimize temperature variations across the extruder output melt flow while achieving the desired average melt temperature; and two inputs to the controller (i.e. two error signals) can be generated based on these two requirements. To widen the scope of the controller's operation, another input to the controller was introduced based on the process mass throughput (M ) error. For this purpose, the measured and predicted (i.e., from a model calledM -model) mass throughput values were used. Altogether, three error signals (melt temperature variance error: E(T v ), average melt temperature error: E(T m ,avg ), mass throughput error, E(M )), were generated as given in (1) to (3) and these were used as the inputs to the controller.
where T v ,act and T v ,max are the actual and maximum allowable melt temperature variances across the melt flow,M act andM set are the actual and set/desired mass throughput rates, T m ,act and T m ,set are the actual and set/desired average melt temperatures across the melt flow. By combining E(T v ) and E(T m ,avg ), 21 if-then fuzzy rules were developed and implemented in an FLC denoted as FLC 1. Similarly, nine fuzzy rules were generated from E(T m ,avg ) and E(M ) and implemented in a separate controller denoted as FLC 2. All of these 30 fuzzy rules were formulated by studying the experimental results based on the Mamdani inference method [68] , and they were fuzzified by using triangular-shaped membership functions. The range of each universe of discourse (i.e., the whole range of the membership functions of each controller input and output) and the arrangement of their membership functions were initially determined based on the experimental information. Later these were modified to improve the controller's performance by observing simulation results, and the details of the final selections are given as follows:
1) The range of E(T v ) was set from −50
• C 2 to 900 • C 2 , and seven MFs (i.e., labelled from A to F in the order of magnitude increment) were used within this range, as shown in Fig. 3 . The range of E(T v ) was selected from −50
• C 2 by allowing to set the T v ,max between 0-50 • C to 10
• C (i.e., for T 1 , T 2 , T 3 , and T 4 ) by using seven equally spaced MFs. These seven MFs were labeled based on the following notation: VL -Very Low M -Medium SH -Slightly High L -Low H -High SL -Slightly Low VH -Very High. The universe of discourse of each output of the controller is similar in their range and the arrangement of the MFs. The universe of discourse of the screw speed output is shown in Fig. 6 .
Both FLC 1 and FLC 2 are MIMO controllers (i.e., with two inputs and five outputs) and each output is having its own control surface corresponding to the rule base. As the controller operates, each manipulated variable moves within the corresponding control surface as appropriate to minimize errors which may be generated due to the process fluctuations. b) Inference mechanism: As mentioned earlier, the Mamdani inference method [68] was chosen in this study to obtain the conclusion of each rule (i.e., to apply implication operator) and to make the final control decision by aggregating the conclusions of all the rules. Moreover, the minimum implication operator (which truncates the consequent's membership function) and the maximum aggregation operator were used for the controller implementation. These two operators were selected as it was realized that these methods are the most appropriate to make control decisions for this particular problem. Moreover, these methods have been widely applied in the previous fuzzy logic applications as well.
c) Defuzzification: The conversion of the aggregate decision into a numerical value is known as the defuzzification (i.e., the quantification of linguistic information). For this particular operation, the centroid method which is one of the most commonly used defuzzification methods was used in this study. In this method, the quantification of the aggregate output into a numerical value is carried out based on the center of area under the curve of the aggregate fuzzy set [58] .
Then, the control decision making mechanism of the prospective model-based controller was implemented by combining all of these basic elements.
IV. STRUCTURE OF THE PROPOSED MODEL-BASED CONTROLLER
Eventually, the melt temperature profile prediction mechanism (i.e., the soft sensor) and the control decision-making mechanism were combined, and the structure of the novel model-based controller is shown in Fig. 7 . As shown in Fig. 7 , the combined signal of both fuzzy logic controllers' (i.e., FLC 1 and FLC 2) outputs makes necessary adjustments to the manipulated variables to maintain the process thermal stability within the desired limits while achieving the required mass flow rate at each screw speed. Obviously, the screw speed (ω sc ), melt temperature from an IR temperature sensor (T IR ), and all the barrel zone temperatures (T 1 , T 2 , T 3 and T 4 ) can be measured easily in real time within any practical environment without disturbing the process melt output or without making modifications to the existing extrusion machines. Moreover, these parameters can be measured to a good accuracy by using commercially available sensors. Therefore, it is possible to feed all the required signals easily into the controller for its real-time operation in practice.
V. IMPLEMENTATION OF THE CONTROLLER
A. Equipment and Procedure
All measurements were carried out on a highly instrumented 63.5 mm diameter (D) single-screw extruder. A barrier-flighted (BF) screw with a spiral Maddock mixer (a general purpose screw with a 2.5:1 compression ratio) and a tapered single-flighted gradual compression (GC) screw (with a 3:1 compression ratio) were used to process the materials. From here onward, these two screws are denoted as the BF screw and the GC screw. The extruder was fitted with an adaptor by using a clamp ring prior to a short capillary die with a 6 mm diameter bore as shown in Fig. 8 . The extruder barrel has four separate temperature zones and another three separate temperature zones are available at the clamp ring, adapter, and die. Each of these temperature zones is equipped with a separate temperature controller which allows the control of their set temperature individually.
Melt temperature at the different radial locations of the melt flow at the end of the adapter (denoted as die melt temperature throughout this paper) was measured using a thermocouple mesh placed in-between the adapter and die as shown in Fig. 8 . As it was previously confirmed by Kelly et al. [15] and Brown et al. [54] , the die melt temperature measurements are symmetrical across the thermocouple mesh centerline when averaged over a significantly long period of time. Therefore, seven thermocouple junctions (i.e., with 7 positive and 1 negative thermocouple wires) were placed asymmetrically across the melt flow along the diameter of the mesh as shown in Fig. 9 , and this asymmetric placement of wires gave the opportunity to increase the number of effective temperature measurements across the melt flow by mirroring them over the centerline to obtain the complete die melt temperature profile.
The die wall set temperature was used as the melt temperatures at the ±19 mm radial positions. Then, the final melt temperature profile was obtained by 15 radial positions (distance from the melt flow centerline to each radial position: 0, ±3, ±4.5, ±8.8, ±11, ±14.7, ±16.5, and ±19 mm) across the melt flow as illustrated in Fig. 9 . A data-acquisition program developed in LabVIEW was used to communicate between the experimental instruments and a PC. The screw speed and all temperature signals were acquired at 10 Hz using a 16-bit DAQ card (National Instruments (NI) PCI-6035E) through a thermocouple connector box (NI TC-2095) and a low-noise signal conditioning box (NI SCXI-1000).
1) Materials and Experimental Conditions:
Experimental trials were carried out on a virgin high density polyethylene (HDPE), (ExxonMobil HYA 800), (density: 0.961 g/cm 3 , melt flow index (MFI): 0.7 g/10 min at 190
• C, 2.16 kg); and a regrind polypropylene (RPP), density: 0.850 g/cm 3 , MFI: 5.71 g/10 min at 230
• C, 2.16 kg). The extruder barrel temperature settings were fixed as described in Table I under six different set TABLE I  EXTRUDER BARREL TEMPERATURE conditions denoted as A, D (high temperature); B, E (medium temperature); and C, F (low temperature).
Experiments were started with temperature setting A or D (i.e., setting A for tests 1 and 2, setting D for test 3) and the data were recorded with the screw stationary for 1 minute. Then, the screw speed was increased from 0 to 90 rpm with steps of between ±5 and 40 rpm and for the different barrel set temperatures with the extruder running for 193 minutes in tests 1 and 2, and 151 minutes in test 3 continuously. The extruder was allowed to stabilize for 15 minutes after each set temperature change, whereas it was hold for about 7 minutes under each of the other different conditions. These time periods were chosen by considering the time requirement of process to become steady after applying the step changes to the screw speed and/or barrel set temperature. The process settings matrices corresponding to the test 1 are shown in Fig. 10 . The magnitudes of the applied step changes were also determined by ensuring the process to run under normal conditions after applying these changes. Moreover, all of these settings were selected in order to generate realistic processing conditions while covering the full operating range of the extruder (i.e., 0-100 rpm). Three samples of process mass throughput were also measured within the last 3 minutes of each processing condition (i.e., after process became steady). The average value of these three samples was taken as the mass throughput under each of these conditions. Separate tests were carried out to collect the data for model training and validation (i.e., six different experimental trials altogether). Here, the data collected from test 1 were used for implementing the controller while the data collected from test 2 and test 3 were used for the controller's performance evaluation on an unseen screw geometry and an unseen material, respectively.
B. Modeling Technique and the Models Used in the Controller
For this study, the melt temperature of a die redial position which is j mm away from the melt flow centerline (T m ,j ) was modeled as a function of the screw speed, die radial position, and barrel set temperatures as given in (4), and this is called the MTPP-model.
The MTPP-model should predict the melt temperature value of each radial position assigned by the radial position input, and 15 radial positions make a complete melt temperature profile across the die melt flow for this study. For a given time period, the model should estimate the melt temperature values of these 15 positions individually by only changing the radial position input, while the screw speed and barrel set temperatures remain constant.
A fast recursive algorithm [76] was used to model the process as a general nonlinear discrete-time dynamic multi-input-singleoutput (MISO) system, which can be expressed as:
where y(t) is the system output at time t, u i (t), i = 1, . . . , m are the system input variables at time t (m is the total number of inputs to the system), n a is the number of poles, n ib is the number of zeros plus 1, and n ik is the corresponding delays (i.e., number of input samples that occur before each input affects the output) of each model input. To determine the delays, the melt temperature variations at each redial position followed by the screw speed and barrel set temperature changes were observed from the experimentally measured signals. These delays can be adjusted as required depending on the screw geometry, material, processing conditions, etc. Ideally, the modeling algorithm would determine these delays automatically depending on the processing conditions and this will be considered under the future work. The same modeling procedure was followed for the development of the IRTP and mass throughput (i.e.,M -model) prediction models. The temperature measured by the IR sensor was predicted as a function of the screw speed, barrel set temperatures, and the predicted average melt temperature across the melt flow (T m ,act ) by the MTPP-model:
The process mass throughput (M ) was modeled as a function of the screw speed and barrel set temperatures:
Further details on the modeling procedure/technique used in this study can be found in the author's previous work [51] , [52] , [74] , [77] - [80] .
After studying a number of model combinations (i.e., models with different orders and a number of terms), a second-order model with 15 terms (i.e., with a 1.22% normalized prediction error (NPE) on the validation data) and a second-order model with six terms (i.e., with a 0.25% NPE on the validation data) were selected as MTPP and IRTP models, and these are given in (8) and (9), respectively. 
×ω sc (t−10)+0.0043×ω sc (t−10)×T 1 (t−150)
A third-order model with three terms (i.e., with a 3.18% NPE on the validation data) was selected as theM -model to use in the controller and is shown in (10):
TheM -model was introduced into the controller with the purpose of increasing the number of linguistic rules which should help to uplift the controller's decision making accuracy. These models' inputs can be updated in real-time to obtain their outputs.
VI. SIMULATION RESULTS OF THE CONTROLLER AND DISCUSSION
The proposed controller was implemented in MATLABSimulink to check its performance on achieving targets and also to evaluate its responses on a set of unseen data and disturbances. The experimentally measured actual values of the screw speed, barrel set temperatures, and the melt temperature measured by an IR temperature sensor were used as inputs to the controller. The set values of the average melt temperature across the melt flow and the mass throughput at each screw speed were determined based on the experimental results. The maximum allowable melt temperature variance (T v ,max ) was set as zero to achieve the possible optimum control action to minimize the melt temperature fluctuations.
A. Performance of the Controller on Achieving the Desired Average Melt Temperature and Reducing the Melt Temperature Variance
The efficacy of the proposed controller was verified over the different screw speeds, and its performance on achieving the desired average melt temperature (T m ,avg ) and reducing the melt temperature variance (T v ) across the melt flow at different screw speeds are shown in Figs. 11-15 together with the adjustments made to the manipulated variables for achieving these set/desired outputs. All of these simulation studies on the controller's performance verification which are shown in this section were carried out on the data collected under the barrel set temperature conditions A and B (see Fig. 10 ). Here, the process signals at 10 rpm are shown over 900 s, while the signals at the other screw speeds are shown over 420 s. This is because the experimental measurements were carried over 900 s at the 10 rpm, while the measurements were made only over 420 s at the other screw speeds. The process signals in the last 20 s at each screw speed are not shown in figures as the screw speed step changes were applied during this time period. As shown in Figs. 11-15 , the controller has achieved the desired average melt temperature across the melt flow at all the situations tested. Slightly higher average melt temperature fluctuations (i.e., variations of between ±3
• C around the set/desired temperature) can be observed at 50 and 70 rpm speeds than other speeds. Significant reductions of the melt temperature variance can be observed at 30, 70, and 90 rpm speeds while slight reductions of melt temperature variance were achieved at 10 and 50 rpm. Of the adjustments made to the manipulated variables, the largest adjustment has been made to the third barrel zone temperature (i.e., T 3 ) by the controller at 10, 30, and 50 rpm speeds, while this has shifted between T 3 and screw speed (ω sc or SS) at 70 and 90 rpm screw speeds. Moreover, it is obvious that the controller has responded differently depending on the varying processing behaviors.
By observing these simulation results, it is clear that the controller has shown good performance in achieving the desired average melt temperature while minimizing the melt temperature variance. The experimental extruder was not instrumented with any melt temperature controller and only proportionalintegral-derivative (PID) controllers were available to maintain the set temperature of each barrel zone in its set value. However, the simulation results show that the proposed controller makes necessary changes to the screw speed and all barrel zone temperatures to maintain the desired average melt temperature while minimizing the melt temperature variance across the melt flow. Therefore, the newly proposed technique in this study seems to be highly suitable for maintaining the process melt thermal stability in polymer extrusion. As no significant work has been reported in the literature for polymer extrusion process thermal control based on thermal profile measurements and/or AI techniques, this would be a good starting point for future research on applying such techniques for the development of the polymer processing industry.
A barrier-flighted screw with a spiral Maddock mixer was used in the experiment which was carried out to collect the required data for the controller development. Usually, it is known that the BF screws perform favourably (e.g., efficient melting and mixing) compared with conventional single-flighted screws [10] , [15] . In another experiment carried out by the author [49] , relatively larger melt temperature variances were observed with a single-flighted GC screw (i.e., the screw geometry most commonly used in industry) and temperature fluctuations increased as the screw speed increased. Therefore, this type of controller may be highly useful for reducing/controlling of melting fluctuations under such conditions. Moreover, it seems that a technique like fuzzy logic has the capability of manipulating a number of variables together via a simple controller (i.e., based on linguistic rules) which is highly suitable for a process like polymer extrusion with heavily coupled process variables. Therefore, this approach should allow extruders to achieve the required process thermal stability (hence the melt quality) at higher screw speeds where the process energy efficiency is higher. 
B. Performance of the Controller on Disturbances
Simulation results on a set of unseen data showed that the controller can perform well on achieving its targets as was discussed in the previous section. Subsequently, the responses of the controller over disturbances were checked by adding different sizes of step changes (i.e., 10, 20, and 30 units) to each individual process variable from their set values while others remained unchanged. Moreover, the responses of the controller were checked on an unseen material and screw geometry and these results are presented in the following sections.
1) Responses of the Controller Over 20 Units of Positive
Step Change to the ω sc and T 3 : The responses of the controller on 20 units of positive step changes applied at the time of 200 s (applied for 20 s) to the screw speed and the third barrel zone temperature (T 3 ) at 30 rpm are shown in Figs. 16 and 17 , respectively. As shown in Fig. 16(b) , the step increase of the screw speed by 20 rpm has caused to decrease the melt temperature variance approximately by 7
• C 2 . However, an increase of the melt temperature variance approximately by 110
• C 2 can be observed by following the 20
• C step increase to the third barrel zone temperature (T 3 ) and this is evident by Fig. 17(b) . Moreover, the melt temperatures at all the radial positions have reduced due to the applied positive step changes in both ω sc and T 3 . However, these reductions are lower with the screw speed step change than the step change of the third barrel zone temperature. As shown in Figs. 16(d) and 17(d) , the controller has responded immediately after the applied step changes and has made adjustments to the manipulated variables throughout the period of disturbance. In addition, it is clear that the controller has responded differently over the applied step changes to the screw speed and barrel set temperature. Moreover, the process operation has reached back to its normal conditions after removing the applied step changes to the screw speed and barrel set temperature approximately within 5 and 25 s, respectively.
2) Responses of the Controller Over 20 Units of Positive
Step Change to the Feedback Model: In addition to the process manipulated variables, a disturbance was introduced to the feedback model of the controller (i.e., to the IRTP-model) by applying a 20 units of positive step change at the time of 200 s (applied for 20 s) to the measured IR temperature input when the process was operating at 30 rpm screw speed. The applied step change to the IR temperature signal, changes occurred to both process melt temperature variance and melt temperature due to the applied step change and the adjustments made by the controller to the manipulated variables followed by the applied step change are shown in Fig. 18 . Moreover, the effects of the applied step change on the IR temperature prediction (T IR,Error ) and the average melt temperature across the melt flow (T m ,avg ) are shown in Figs. 19 and 20 , respectively. As shown in Fig. 18(b) , a significantly higher increment of melt temperature variance across the melt flow (i.e., around 1350
• C) than the conditions observed with the screw speed and the third barrel zone temperature can be noted with the applied step increase by 20
• C to the feedback model. This large increment of the melt temperature variance was reflected by the changes that occurred to the melt temperatures at all the melt flow radial positions as shown in Fig. 18(c) . Although only one spike was observed in the melt temperature variance signals followed by the applied step changes to the ω sc and T 3 , two spikes can be observed in the melt temperature variance signal followed by the step change applied to the feedback model. This is an indication of an oscillating behavior of the controller as it was trying to reach its normal operation by rejecting the disturbance. Therefore, the small spike shown in Fig 18(b) is relevant to a lagging process operating behavior (i.e., process output is in a lower level than the set/expected value). As a variance is always positive in sign, it shows a positive spike instead of a negative spike. This oscillatory behavior can be clearly observed from the process melt temperature and T IR,Error signals as well. The average melt temperature signal (i.e., shown in Fig. 20) shows +36
• C and −19 • C level changes approximately by following this oscillatory behavior. Moreover, the magnitudes of the adjustments made by the controller to the manipulated variables to compensate for the step change applied to the feedback model are higher than the magnitudes applied for compensating of step changes applied to the screw speed and third barrel zone temperature. These observations emphasize that the feedback model has a significant impact on the controller's performance, and hence, obtaining an accurate feedback is highly important. Although the disturbance applied on the feedback model shows a significant influence to the controller's operation, the process operation has reached back to its normal conditions approximately after 40 s of removing the applied disturbance to the feedback model.
As it was evident, the controller settled back to the normal operating conditions just after removing the applied disturbances on its manipulated variables and the feedback by showing a good disturbance rejection ability. The performance of the controller on disturbances was further evaluated at the other screw speeds by applying both positive and negative step changes to the each manipulated variable, and good disturbance rejection capability was observed in all the situations tested.
C. Performance of the Controller on an Unseen Material
The results presented in the above on the controller's performance are relevant to the data obtained from the processing of an HDPE with a BF screw (i.e., collected from test 1), and hence, it is called HDPE-BF controller on here onward. After evaluating the HDPE-BF controller's performance on changes/disturbances to the process variables and the feedback model, its responses to an unseen material were checked by using a set of data obtained from the processing of an RPP with the same BF screw. However, the RPP was processed at a higher barrel temperature setting than used for the processing of HDPE as shown in Table I , and some other details relevant to the RPP data used to observe the controller's responses are as follows: 1) screw speed: 50 rpm; 2) average melt temperature across the melt flow: 241 • C; 3) average melt temperature variance across the melt flow:
26.5
• C 2 . The major problem observed with this unseen material was that the melt temperature profile prediction mechanism within the controller was not able to accurately predict the actual level of average melt temperature across the melt flow, which was confirmed by the very high IR temperature prediction error of around 40
• C as is evident by Fig. 21 . As shown in Fig. 22 , the simulation results show that the predicted average melt temperature is around 189
• C, although the controller's simulation was carried out by setting the desired average melt temperature as 241 • C. Moreover, the difference between the predicted and the actual average melt temperatures is always higher than 50
• C. As a result, a very high melt temperature variance (i.e., around 1500
• C 2 ) is caused as shown in Fig. 23 . Perhaps, the actual melt temperature that would be achieved by the HDPE at the barrel temperature setting which the RPP was processed would be lower than the melt temperature achieved by the RPP. Therefore, the models developed for the HDPE may not be capable of predicting the RPP temperature level accurately. In such a situation, the controller may not be able to make precise control decisions, and some possible reasons that may cause such a poor performance are given as follows: 1) As was realized from the extensive experimental studies [49] , the effects of the individual process parameters on process thermal homogeneity are dependent upon material and screw geometry. Therefore, the formulated fuzzy rules may be specific to the screw geometry and material used for experiments, and hence, decisions made by the controller may not be accurate for another screw geometry or material. 2) Errors generated in such situations may be very large in quantity, and these may lie out of the defined controller ranges; hence, the controller may not be able to respond appropriately. The defined ranges of the HDPE-BF con-
• C to 100 • C. In general, it seems that the proposed controller has some limitations on performing its operation over different materials (i.e., which did not use for the model development experiments). Perhaps, the controller might have shown better performance on this unseen material if both materials were processed under the same process settings.
D. Performance of the Controller on an Unseen Screw Geometry
The performance of the HDPE-BF controller on an unseen screw geometry was also evaluated by using a set of data obtained from the processing of the same material (HDPE-HYA800) under the same barrel temperature setting but with a single-flighted GC screw. The experimental settings used with the GC screw are shown in Table I and some other details relevant to the data used to evaluate the controller's responses on an unseen screw geometry are as follows: • C IR temperature prediction error with the unseen screw geometry, as shown in Fig. 24 , where it was around 40
• C with the unseen material tested. As shown in Fig. 25 , the melt temperature variance achieved by the controller across the melt flow on the unseen screw geometry is around 28
• C 2 , which is around 42
• C 2 reduction of the melt temperature variance than achieved by the experiments. Moreover, the difference between the controller predicted and the actual average melt temperatures is only around 2
• C as shown in Fig. 26 , where it was around 54
• C with the unseen material tested. However, the difference between the actual (i.e., experimentally measured) average melt temperatures at the conditions of the HDPE-BF controller and the unseen material is lower than the difference between the conditions of the HDPE-BF controller and the unseen screw geometry, as shown in Table II . Therefore, one of the major reasons for having a relatively good performance with the unseen screw geometry may be that both of these experiments were carried out under the same barrel set temperatures with the same material. Perhaps, the effects of material properties on melting (particularly on the level of the melt temperature) may be significant than the effects of screw geometry under the same processing condition in this case. However, it is not reasonable to draw overall conclusions only based on these results as the polymer extrusion is a highly complex and variable process in nature. The processing behavior may significantly vary based on the material, machine, and processing conditions used.
E. Controller's Operation in Practice
By observing the controller's performance, it is clear that the controller has some limitations on performing over unseen materials and screw geometries. Therefore, the development of generalized models to be compatible with different materials, screw geometries, and process settings are highly desirable in expanding the usefulness of the controller in industrial applications and hence recommended for possible future research. Further improvements to the controller's performance may be achieved in a number of ways, such as improving the accuracy of models used, improving the accuracy of the temperature feedback (i.e. use a more advanced method than an IR temperature sensor if available), improving fuzzy rules, etc.
At present, this control strategy is proposed only for singlescrew extruders and this technique should be applicable to multiscrew extruders as well. In the application of the proposed techniques into the multi-screw extruders, the generalized models should be developed by studying their processing behaviors. Although the same model structure/s can be used, additional process and machine geometrical parameters may need to be considered, depending on the type of the machine. In fact, there is no fundamental issue of using the thermocouple mesh technique on multi-screw extruders but this may depend on the processing speeds, output channel shape and size, access requirements, etc. Obviously, these factors can be explored in detail in future work.
In the long run, the drifts of the process may be a problem on the performance of the soft-sensing mechanism within the controller, and hence, it should be compensated either by adapting or redeveloping the models [81] . Similarly, the accuracy of process measurements is also important for the better performance of the controller. That is because the models developed are based on the measured experimental data and if these measurements are poor in accuracy, resulting models would also be poor in accuracy. Moreover, the accuracy and reliability of the decisions made by the controller are also directly related to the quality/accuracy of the process parameter measurements made in real-time. Therefore, the use of highly accurate equipment for process measurements is a major requirement of a modelbased control approach. In addition, all of the sensors should be calibrated properly while avoiding possible offsets of their readings. A careful attention should be made on the possible effects of signal noise on the controller's performance. As was reported in the literature [21] , [31] , filtering of the signals should not be carried out only to avoid noise or large fluctuations in the measured signals to make it easy to design the controller. This may cause filtering of the fluctuations which may really affect the process functional quality and hence the decisions made by the controller may not be capable of controlling some of the process fluctuations which may adversely affect on the product quality. In fact, the best practice would be the achievement of the accurate measurements to the highest possible level by improving the quality of the sensors and data acquisitioning (DAQ) devices. If it is obvious that some of the information included in the measured signals are not relevant to the actual process, then these can be filtered by using a properly designed filter. As was observed from the experiments, process measurements such as pressure and temperature were not affected by noise once the DAQ system was properly designed and tuned. However, electrical variables (e.g., currents and voltages) were found to be more easily affected by noise than other measurements. In fact, electrical variables are not involved with the proposed control scheme. Sometimes, it would be difficult for industrial processes to follow all the procedures which are used in an experimental laboratory to make accurate process measurements. However, it would be better to check the accuracy of the sensors from time to time while observing the key process signals on a screen in real-time. Obviously, the real-time observation of the process signals on a screen allows us to identify the accuracy of these measurements while making it is easy to determine the process functional quality.
VII. CONCLUSIONS
The inability of dealing with process nonlinearities and obtaining of the temperature feedback from less-accurate point/bulk temperature sensors are the major shortcomings of the majority of the existing process controllers in polymer extrusion. In this study, a novel model-based control approach was proposed to overcome these shortcomings incorporating a melt temperature profile prediction soft sensor, empirical process models, and fuzzy logic. A novel method introduced by the author, a soft sensor for temperature profile prediction, to predict the melt temperature at the different radial positions across the extruder output melt flow in polymer extrusion was used as the thermal monitoring technique of the newly proposed controller. The major purposes of the newly proposed controller were to minimize the melt temperature variations and to achieve the average melt temperature, both across the melt flow, while achieving the desired process output rate at a given speed. One of the major differences of the proposed control strategy over the existing methods is that this controller selects the control actions based on the average melt temperature across the melt flow rather than using a point/bulk measurement (i.e., taken from a sensor attached to the extruder barrel or die wall), which is less accurate although common in practice. Any possible uncertainties that may arise on the controller's performance due to the possible melt temperature prediction errors are avoided by correcting the melt temperature predictions with reference to an actual melt temperature measurement. Therefore, this controller concerns the actual melt quality to make the control decisions, unlike conventional thermal controllers, which make control actions mostly based on the temperature of the extruder barrel/die wall (i.e., with reference to the temperatures measured from typical wall-mounted thermocouples). Moreover, the proposed controller manipulates the screw speed and each barrel zone temperature by making adjustments to them individually (i.e., all of these variables manipulate in parallel) via a rule-based fuzzy logic control mechanism. Efficacy of the controller by achieving its targets and rejecting disturbances was also tested by simulation, and good results were obtained. The controller settled back to the normal conditions within a short period of time (e.g., settled back to the normal conditions just after 40 s followed by an applied 20
• C positive step change to the feedback) after removing the applied disturbances to the manipulated variables and the feedback. Therefore, this may offer a promising approach to operate extruders at high screw speeds while achieving both high energy and thermal efficiencies simultaneously.
Based on the results achieved, it was felt that a technique like fuzzy logic which is good in handling process nonlinearities based on simple linguistic information is greatly suitable for control of highly complex processes like polymer extrusion with heavily coupled process variables. Therefore, further research on applying AI techniques to polymer process modeling and control is highly recommended. Further evaluation of the controller's performance showed that it has some limitations on performing over unseen materials and screw geometries. These limitations could be avoided by developing generalized models to be compatible with different materials, screw geometries, and processing conditions; further research is underway on this purpose. The possible methods of improving the performance of the controller and extending its application to be compatible with other types of extruders, polymer processes, and polymer materials will also be explored in future work.
